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1R 24 2 2E M (RBIEND) ,2017,9(6) :642-649

Journal of Nanjing University of Information Science and Technology ( Natural Science Edition) ,2017,9(6) :642-649

ResNet 55 CNN Z5F9 #8 8 4R 15 A48 1 118 B b5 R 1iE
K. Zhou 5 AE 2015 4F K& FL: 7 ImageNet FI
Places JEUEBIELE T U 25k 1) 18 i 5 B Uph 28 ) 2% vh (Y
B BA T2 ) 45 3] A R E 1 2 T LU RR Y, A1
A LA ZE A 8K 43 e B bR 2 A8 N T AL
EAT 5 B PP GE R 2 T AN 2 2 Y R BT R A E
2] B RSB T AR Y (HAA BRI 2, X
B ST VR T A AR 4 ) 4% 1 T )2 T S PR
BEAEAUITH IR AT 55 b, mT LA H] DCNN 1340 #4005
1) 0 T S8 R 1 ) 91 2 s, 48 LA A R 01 41
U RN ESETTING

2.2 KRFEEHRAN

FIHRFE R 2] (Knowledge Representation Learn-
ing, KRL) I T 45 ¥4 1k 1 SCAR R . 42 S A AL %
HWHE LA Ch,r,t) B =0 B SRR R 45 ALy SC
AAFE A b 7R KK (Head Entity) , r K7m 5K
R Z 8] /) 5 2 (Relation) , ¢ 7R B2 XA (Tail Entity).
SCA KRL J7 R T B A HOR B SR E &
P B S AR T A3 1) v, 4 AL D ) 3k 38
S R FB SR 2 8] Y O F Y B R AR 2 SOR
KRL A 4, A58 KRL X185 2 A XER (6 1 T3¢
A KRL WA SR ) KB AT 58 B (6 BT S0A
KRL FHE = SC 287 ) 19 45 DX Il %, I SRS 2138 3L
Z3 A .

SRIMT, SCA KRL AL KRL AU & 13 T A —
B 2 SRR T Zm T AR A Rb SE A5 B
IR B RRER R BE T IS T AR R B9 R {HLX
T ST 5 B 2 2R A S B g T o 3
PR R AR SR [ 13 T4 1 1 — Mg B iy £
RIS AR R 2% 2 ( Multi-Modal Knowledge Repre-

645

sentation Learning, MM-KRL) HE42 | 2240 Bk H SC
AHIRLGE 2 A 0 IR R SCAR A oe 2 A8
AT R 9 R R s 2 ] Z AR i i S 2
AREREAAEIA T 1Y 775 1T LUK AS [] RS 1 e 4%
SR [ (0 R s ] v LA 20 B9 R AT DR IR
KA KRR,

A FHRL S8 A5 251G 53 SUA FR R 7R I 78 UG
R=IJCH X TRE SRR S, 5 HAR IR S ¢
FRAE SR S AR R R E LR St AR
Y5 LSTM M ZE I B 1 A I 40 2k R, 35 m 1 — I
A EI% = ITCHMN RN

Ly, = IRCSE) = R(S) |15 -

I R(S!) =h(S) |5 +a,
Hrpr, h(S,) 72 S, AR FRER o ZIEAHL S 7
AHICRT Z [8] (371 FHH.

FEA A SCA RS 3G 53 A0 58 FR KOs i R

A fifk CNN

triplet;

Mo N
min Y, ¥ [ g(v,) = h(T) |3+ A W3,

Hep M BIGEDZEERRIEGE v, KRR
S EAEI N, ROCR PR A i S g 2 A
A BJSERIIRFIR R (T,) 256 i A SCAR KR BYHIH
FR. W b S CNN (R SE A | W5 2 ifeiy
TE D AT e AR Y SR AR AN 1 3 .

5 2 H A AR R R J5 A0 FE, MM-KRL HE4E B
AL LA

1) AT L H 3 R 26 iiAT 580 42 48 B 45 i AL
SCAR LB 5 22 9 2 B2

2) £ H A R iR 15 AR 2 TR JEE B 28 I 45 ( Bi-en-
hanced Cross-modal Deep Neural Network, BC-DNN)

IEASE

KFR=IH

BERR AR

\

LSTM,
AR Fp

LSTM,
XAKRa AR FRn

LSTM,

IR AR —| CNN

=

K3 XUHSRES RS TRE )

Fig.3 Bi-enhanced cross-modal deep learning



646

REAS 27 > 7 T 55 AR 1 2 [ R R 45 T

3) 3 iR 2 AR R R AR S 2 4 n] IR AR
SESAMISE R R BRI R o M R R
IIVEZU S

3 LWESH

3.1 AR EEE

Pl > Th AR 3 AR E B B ( Dataset )
T ARE R B T AT R 28 X 28 PR R 4R T B AL
et T GE Tz A i 28 0 2% 1Y Bk ARG AR R Bl
ARSI AR 15 B (Microsoft Video Description Cor-
pus,MSVD) Tl H " & TAE A G123 () YouTube [
Mg S R B CGEE ARE] 10 s) MBIRES. TAEAN
GO 2 000 2L T 2 S R S A 8
T ZA T I HAR & W0 Y sh AR s 9%
Bl Z AT AE VR 247 0 U] BT AR AT 55 v Bk
it P AEA S5 v, FUE ] P Y E SCR IR JF AR 52
GO TR SCA AT e/ IME AL B B &3 4% 1200 AL
IR 4R 100 S BEARAE Jhy 96 ik B B0 80 4 1 42
R 1 R,

#£1 MSVD HIE&ESIT
Table 1 Statistics of MSVD dataset

| s Eioana S
IR 1 200 100
S 49 120 4314

3.2 iEfEIEER

X PRI = A A An SR A A AR
AR Z AR F L T R 2 0 0 R 4Rk, EPR
[ Ad 2 7 SRR TR LS BRI SR
ISR, BT LR A TAT (45 R B A METEOR #1 CI-
DER 1A AR IfE.

METEOR #8545 £ ) F T PEAG AL 4% B0 3% 1 45
RAZITIER T 45 8 BB ) f— 4L 5 % 18 ) 6 5%
FEEERITA METEOR 434K, JF HAH LLE R 1 PF A bs
#E( 40 BLEU .ROUGE) ,METEOR A3, & 7 [A] X 3] Pt
B, SCHk[ 16 ] %M, ¥ & FiE A 5% /D, METEOR 1§
bR 2t BLEU \ROUGE B 4T, 5 A\ TP &5 3R A 3
1 9 A SC . METEOR 48 # J5 ot 4 1 &1 R #f ik
U LSRN I ARy B

CIDER PFA/ b ) R[] F ML 7% BH P A0 3741 b
HE IZAME R AT AN SR RS ke
(4. CIDER J&41 X EUGHE R AR PEM bR . 2 BT T

PR, AR R RIS K SN A UL i 1 B A A

HUANG Yi,et al.Video description based on relationship feature embedding.

MARE ST R LS 5 S 18 A M, T CIDER
PO AL A sh A A5 A5 ) F
PR | 1T HLAE & A K i S 2 15 ) T i R v,
CIDER 7EDCECRE E R PLE LT METEOR AR,

3.3 mEiE

A Ad FH CAFFE ( Convolutional Architecture for
Fast Feature Embedding ) #E Z8 $4 5 IR i fift 25 W) £ 54
AU 3 o) o 28 D) 285 004 T 1 R AT

SR AR Sy AR Y B e 8 R A A G
% ( One-Hot Encoding) , % 2 JZ R LSTM By%iH h? 1)
HeE O IRNCR TERAR A ANE N, SRJE R B
softmax PR, I — UM 28 I f 2L o2 iy i 19 3R]V 7E
LSTM A JEFRE R i, 4 4 i 50 ] 12 b A 3138
iKY 500 dE=S [, JF 528 1 2 A9 LSTM B9%ai i h,
Pz, LI LS 2 )2 LSTM Y%A

B X LA LY 2] B FAR R s, A SCHEAT T 2 A
S

1) f#J1 ResNet-152" " $2 BT T 1) AR .
Sy AR BB BR T M S B — iR R s
—UALJE Y 2 048 2 ) 5 A AU Y HTR R R
Z A HAR A B A~ 500 LA ], A R AR A
BRI ES 1 )2 LSTM A% A x! .

2) FIH BC-DNN H2HE 41 & R R, o H A
Ja— N ER)ZE 19 1) 128 4EHF1E 7] & 5 ResNet-
152 FRAFEIY 2 048 HEMRFIE ] 1 4, IF iR A B —
A~ 500 HE=s ] MR AU AR R TR 1 )R LSTM
BN x! .

FHorr ) DA s 4k e S 0 AR 4 9 3% AR 5 32
LSTM P28 St [m] Il 2k FE 8 AU drad fe v, 255 7% 1
YIZ 1) Jub AT AR R ASE 78 Ach 3B 1) 4 BE (Y g g, 3R
I BUZ LSTM AL AT i 4 455 Y JJ TF 18 80 A~ s ] 25
K IRt B e 32 FE U 51 A 45 R
i 0 B 58 /5 22k A AEDI O | 455 10 iide
BC—ANFEAR X T U043 J5 19 MSVD 508l 4 v i i s
HBAT LATE 80 /> of [1] 26K P G B 5 Jld I fide Bth i 114 1)
P31

3.4 HERSWH

N2 2 s R IR AR AE MSVD B 45
ER S g R P L AT R eEk [ 9] R A
VGGNet 482 BT E JIl 25 LSTM i 3R Y Al 52 56
g5 AR SOl 3 T ResNet-152 (1 45 F 2 B AN
ResNet-152+BC-DNN 193 #2457 1F , £ MSVD 4548
AT A I S



1R 24 2 2E M (RBIEND) ,2017,9(6) :642-649

Journal of Nanjing University of Information Science and Technology ( Natural Science Edition) ,2017,9(6) :642-649 647

F2 AREHERT TSHRRITENER
Table 2 Evaluation results of the video description by

different feature representations

. A FE bR
]
METEOR CIDER
VGGNet? 29.0 52.6
ResNet-152 30.9 50. 8
ResNet+BC-DNN 29.9 56.2

T ResNet-152 19 L 451 F# AIF 42 BUAE METEOR
$8h5r_ M VGGNet 1 29. 0 #2551 30. 9, CIDER 1§
b HE VGGNet B§4 R . [~ ResNet-152 # Lt VG-
GNet XF G T G RRAE A 35 I RoR , AL R

IRAHSCHE METEOR #8458 T, A RIRCRBA 8 32 (2
X GIRRFEBCA 15, fOCTERR A RS AR
R AYER CIDER S5 F [,

7E ResNet-152 F#fiEH i A BC-DNN $2HUAY ¢ &R
G , MU AR RLYE METEOR A1 CIDER F %
B LL VGGNet 16 OLA T #28, LB X TS A
S HE R AL PE T B CIDER 1543 M 50. 8 #2537
56. 2 AHJETEF AR AH SC T i METEOR | Lb 5410
{81 FH ResNet-152 I AIF550 064G R 6.

3 RS 3 PN [RIRAIE KR 5 ik T #5 iR 45
H T A L 55 A1 2 PP, ResNet+BC-DNN & it T
ARt TR 28 T AT P 2 2 TR R C &R 1N 2 3

R 3 FREFHERT T H IS 2 25 R RG]

Table 3 Some results of the video description by different feature representations

IR BE

EESIERBUSAES

NI B

LSTM( VGGNet) : A man is riding a motorcycle.
LSTM (ResNet-152) : A man is riding a bicycle.
LSTM ( ResNet-152+BC-DNN) : A man is doing

stunts on a motorcycle.

LSTM( VGGNet) ;: A man is jumping in a beach.
LSTM (ResNet-152) : A man is jumping.
LSTM ( ResNet-152 + BC-DNN ): A man is

jumping into the water.

LSTM( VGGNet) : A man is cooking.

LSTM (ResNet-152) : A man is cooking the rice-
aroni.

LSTM ( ResNet-152+BC-DNN) : A person puts a

piece of cheese into a skillet.

LSTM ( VGGNet ) : A woman is pouring some
meat.
LSTM ( ResNet-152 ) : A man is adding oil to
a pot.
LSTM ( ResNet-152 + BC-DNN ) : A man pours

some sauce from a container into a glass bottle.

(DThe man is doing moped tricks.
A person is doing a motorcycle trick.
@A person is doing a wheelie on a bicycle.

(DPeople are jumping in the water.
@People dive into a pool.
(3People getting into a swimming pool.

(DA person is frying a food.

(@Someone is frying potatoes.

BA cook puts noodles into some boiling wa-
ter.

(DA man is mixing something into tomatoes.
@The man is pouring oil on the tomatoes.
(3A man is adding oil to a bowl of tomatoes.
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%5 1 17, ResNet+BC-DNN A AEiR S T A 542
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LRGSO AR R AE MSVD B s 4 1 1Y 5256 3k
5T BIFR 22 0. 3 T ResNet-152 8004 435 1F {5 401
WS 2 B N2, H R 45 SR A A DG T g Bk
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Abstract Video description has received increased interest in the field of computer vision.The process of genera-
ting video descriptions needs the technology of natural language processing, and the capacity to allow both the
lengths of input ( sequence of video frames) and output ( sequence of description words) to be variable.To this end,
this paper uses the recent advances in machine translation ,and designs a two-layer LSTM ( Long Short-Term Memo-
ry) model based on the encoder-decoder architecture.Since the deep neural network can learn appropriate represen-
tation of input data,we extract the feature vectors of the video frames by convolution neural network (CNN) and
take them as the input sequence of the LSTM model. Finally, we compare the influences of different feature
extraction methods on the LSTM video description model. The results show that the model in this paper is able to
learn to transform sequence of knowledge representation to natural language.

Key words video description ; LSTM model ; representation learning; feature embedding



